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Abstract
The effect of seller reputation on seller success in peer-to-peer online markets has 
been investigated in dozens of studies by means of the analysis of digital trace data. 
A recent meta-analysis synthesizing evidence from over a hundred studies cor-
roborates that sellers with a better reputation sell more products at higher prices. 
However, the meta-analysis also shows that these reputation effects exhibit excess 
variation that cannot be attributed to sampling error. Moreover, there is still little 
consensus on how the size of a reputation effect should be interpreted and what 
might cause its variation. Here we use a meta-analytic model selection approach 
and multi-model inference on two subsets of 406 coefficient estimates to identify 
potential moderators of reputation effects. We identify contextual, product-related, 
and method-related moderators. Our results show that, among others, geographical 
region, product condition, sample size, and type of regression model have a bearing 
on the size of the reputation effect. The moderating effect of the geographical region 
suggests that reputation effects are substantially larger in the Chinese context than in 
the European or US contexts. The moderating effect of product condition—estimates 
based on new products are larger than estimates based on used products—is unex-
pected and worthwhile investigating further. The moderating effects of sample size 
and model type could be related to study quality. We do not find evidence for pub-
lication bias as a potential explanation for the effects of method-related moderators.
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Introduction

With the increasing popularity of online markets, more research is concerned 
with how reputation systems promote cooperative market exchanges. Reputation 
systems that are commonly employed in online market platforms collect, aggre-
gate, and disseminate information about traders’ past behaviors and the quality 
of their goods and services [31, 50, 60]. Trader reputation profiles are created 
from numeric scores (positive, neutral or negative ratings, or five-star ratings) 
and feedback texts (i.e. feedback messages describing the experience with certain 
traders and their goods and services).

Reputation systems are particularly useful for buyers, who decide which sellers 
to transact with but are uncertain about seller trustworthiness. In offline economic 
exchange, uncertainty and trust issues are often managed through networked 
structures through which firms establish reputations (see e.g. [44, 65], and for a 
review [14]). However, long-term business relations in larger business networks 
can hardly be established and maintained online without additional trust-building 
mechanisms. Reputation systems replace the role of offline networks in managing 
trust in online transactions. In reputation-based online markets, sellers have an 
incentive to be trustworthy and send back the merchandise or provide the service 
the buyer paid for to maintain a good reputation in favor of future business suc-
cess. In addition, new sellers, who do not yet have a record of past transactions, 
must invest in building their reputation by reducing prices or sending other sig-
nals of their trustworthiness [24, 46, 55]. As a consequence, these sellers’ reputa-
tions and their business success will be positively correlated, a phenomenon that 
is also known as the reputation effect.

Many studies have estimated the reputation effect based on digital trace data 
of online market transactions. Jiao, Przepiorka and Buskens [30] performed a 
series of meta-analyses synthesizing evidence from over a hundred such studies. 
Their meta-analyses corroborate the existence of reputation effects in peer-to-
peer online markets. Their results provide evidence for the general relationship 
between seller reputation and selling performance in terms of the direction (a 
positive relation for positive ratings and a negative relation for negative ratings) 
and statistical significance. However, there is substantial heterogeneity in reputa-
tional effect sizes that cannot be explained by sampling error alone [11]. In their 
study, this is evidenced by high I2 statistics, which describe the percentage of 
between-study variability to total variability (i.e. within and between study vari-
ability in effect sizes) (see Table 4 in [30]).

The aim of the present study is to explain the excess variation in seller rep-
utation effects by means of the dataset created by Jiao et  al. [30]. Inspired by 
arguments and discussions in previous literature on possible moderators of the 
reputational effect, we identify contextual moderators, product-related modera-
tors and method-related moderators. For example, the market context in which 
the online transactions take place should be taken into consideration because 
traders’ behavior will likely be influenced by their cultural, spatiotemporal and 
institutional embeddedness [8, 41]. Moreover, the types of traded products, which 
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range from small stamps to large motor vehicles, will also have a bearing on the 
size of the reputation effect. In particular, product prices, item conditions and 
their popularity are likely moderators of reputation effects. Finally, the methods 
applied across existing studies vary considerably. Even though it is possible to 
make reputational effect sizes comparable for the purpose of including them in 
meta-analyses, the variety of statistical modelling approaches will influence the 
estimation of the reputation effect.

We use a meta-analytic model selection approach and multi-model inference to 
integrate the findings from previous studies and identify potential moderators of rep-
utation effects empirically. The model selection approach allows us to systematically 
consider and compare meta-regression models and determine which set of modera-
tors contributes to the best fitting models. The multi-model inference part provides 
us with the relative importance of each moderator, i.e. the likelihood of each mod-
erator to be included in a well-fitting meta-regression model. To our knowledge, we 
are the first to apply model selection and multi-model inference in meta-analysis to 
address the substantial question why reputation effects vary in size [33].

Even though we propose a few general expectations regarding potential modera-
tors based on suggestions provided in the literature, our study is largely exploratory. 
Our main interest lies in determining the most influential moderators of reputational 
effect size within the dataset we have available. Hence, our paper contributes to the 
discussion on what moderators influence observable reputation effects and applies 
computational social science methodology to test the validity of our conjectures. 
Although many of the moderators that we consider in our analyses are likely cor-
related with variables we do not observe, this shall not prevent us from learning 
something from the rich dataset created by Jiao et  al. [30] and discover interest-
ing relations that could be followed up on in future research using methods that are 
more suitable for detecting causal relations.

Theoretical considerations

To provide explanations for the excess variation of observed reputation effects 
reported in Jiao et al. [30], we draw on theoretical considerations from previous lit-
erature. Potential moderators can be categorized as contextual moderators, product-
related moderators and method-related moderators. In this section, we outline gen-
eral expectations as to why and how these three sets of moderators might have a 
bearing on the size of the reputation effect. Figure 1 summarizes our considerations.

Contextual moderators

Context refers to the cultural, spatiotemporal and institutional embeddedness of 
online market exchanges [8, 41]. Contextual differences may lead to different 
attitudes towards strangers, perceptions of trustworthiness [36, 37] and propensi-
ties of leaving feedback after completed online market transactions. As a result, 
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reputation effects may differ [53]. How do context-dependent generalized trust 
levels and propensities to leave feedback affect the size of the reputation effect?

Generalized trust refers to individuals’ trust in strangers, i.e. people that are not 
part of one’s family, friendship and acquaintance network [40, 49, 64]. If general-
ized trust is low, people may resort to other trust-building mechanisms such as 
reputation systems. However, because of these people’s low a priori expectations 
of online sellers’ trustworthiness, sellers with no or short records of successfully 
completed transactions will have to offer their items at lower prices compared to 
established sellers with a good reputation [30, 46]. As a consequence, the reputa-
tion effect will be larger in markets embedded in low-trust contexts.

In our analysis, we distinguish between three geographical regions: USA, 
China, and Europe. Theoretical arguments corroborated by empirical evidence 
suggest that functioning legal systems protecting property rights [9] and demo-
cratic institutions [35] promote generalized trust. This, in turn, suggests that the 
Chinese context will be characterized by lower levels of generalized trust and 
thus exhibit larger reputation effects than online market exchanges in the USA 
or Europe. However, this conjecture does not seem to be valid as to the level of 

Fig. 1  Contextual, product-related, and method-related moderators of reputation effects
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generalized trust, which is relatively high in China [58, 63]. The results of Stein-
hardt’s study [58] suggest that it is people’s confidence in political institutions, 
irrespective of these institutions’ suitability to protect property rights or promote 
democratic processes, that is positively related with generalized trust. We, there-
fore, refrain from stating expectations regarding the moderating effect of the geo-
graphical region (via generalized trust) on reputation effects.

Not leaving truthful feedback after a bad experience with an online transaction 
or leaving overly positive feedback after a mediocre experience can lead to a posi-
tive bias in seller reputations. As a consequence, untrustworthy sellers selling low-
quality items will be identified with a delay or not at all, which will make it more 
attractive for these sellers to enter the market. Because, as a result, the likelihood of 
encountering a untrustworthy seller will be higher, buyers will demand larger dis-
counts when dealing with sellers without an established reputation record. This, in 
turn, will lead to a larger reputation effect [30, 46].

In as far as people differ in their propensity to leave truthful feedback after com-
pleted online market transactions, contextual factors can also affect the magnitude 
of the reputation effect. For example, in some cultures there are norms proscribing 
overly critical feedback whereas in other cultures there are norms proscribing overly 
praising feedback. Zhang and Huang [69] state that in China buyers rarely give neg-
ative ratings, and in case of a negative experience with a seller, buyers tend to resort 
to neutral ratings. However, there is also evidence that people are reluctant to give 
negative feedback in the US context and rather refrain from giving feedback after a 
bad experience [18, 42]. Relatedly, results from the Global Preference Survey [25] 
indicate that people’s intentions to positively reciprocate good deeds and to nega-
tively reciprocate misdeeds may not be so different in China and the USA, whereas 
in Europe people on average exhibit more variation in these intentions across coun-
tries. We, therefore, refrain from stating expectations regarding the moderating 
effect of the geographical region (via feedback behavior) on reputation effects.

Differences in design features of online market platforms and reputation systems 
may instigate the emergence of different rating conventions through which buyers 
might perceive seller reputations differently [1]. For example, the possibility to leave 
feedback may be used to establish seller trustworthiness, but in a two-sided rating 
system, where buyers can rate sellers and vice versa, ratings can be used as a means 
to positively or negatively reciprocate one’s trading partner’s positive or negative 
rating, respectively [10, 19, 21]. As a consequence of the threat to retaliate a nega-
tive rating with a negative rating that can be upheld in two-sided rating systems, 
seller reputations will be positively biased. Hence, buyers may trust seller reputation 
information in such systems less, so that the reputation effect will be smaller [62]. 
However, since information on how truthful ratings in different online market plat-
forms are is not usually available and reported, we account for the market platform 
as a potential moderator but do not state any expectations as to the direction of its 
effect on the reputation effect.

Since its first implemention on eBay, online reputation systems have gone 
through changes with the aim to make reputation systems more effective in keep-
ing untrustworthy sellers out of business (e.g., [10, 21, 51]). Therefore, over time, 
buyers may have become more aware of the effectiveness of reputation systems. If 
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over time, the average seller quality has indeed become higher as a consequence 
of the improvements in reputation systems, we can expect the reputation effect to 
become smaller; if more sellers are trustworthy, buyers need to rely less on informa-
tion about the seller reputations when making their buying decisions. In our analy-
sis, we will account for the time of data collection as a moderator of the reputation 
effect and expect its effect to be negative. However, the argument that, over time, 
the reputation effect will become smaller because average seller quality increases, 
hinges on the assumption that the number of new sellers entering the market is rela-
tively low. A substantial number of sellers that enter the market anew may positively 
affect the size of the reputation effect because these sellers still need to build their 
reputation by offering price discounts [46, 55]. However, information on the average 
experience of sellers in a particular online market platform is not usually reported 
and therefore not available to be included in our analyses. Figure 1 summarizes the 
contextual moderators of reputation effects in peer-to-peer online markets.

Product‑related moderators

The size of the reputation effect may systematically vary with product features 
because of the information asymmetries buyers face in online transactions and the 
risks and uncertainties that result from such information asymmetries [3, 20]. The 
risk that a buyer takes in an online market transaction depends on the probability of 
the seller being trustworthy and the price of the traded product. Since more expen-
sive products exhibit a higher risk, a buyer might be willing to pay a higher price 
to a seller with a better reputation to reduce the probability of being cheated [67]. 
Hence, the higher the price of the traded product, the larger will be the reputation 
effect.

The uncertainty buyers face in online transactions also stems from the uncer-
tainty regarding product quality. In peer-to-peer online markets both new and used 
products are sold. While uncertainty about product quality is low for new products, 
it will be high for used products. For used products, buyers’ expectations are formed 
based on how sellers describe and present these products and, therefore, eventually, 
on how trustworthy buyers expect these sellers to be. We thus expect that for used 
products or for products of unknown condition, seller reputation information will 
play a more important role for buyers. As a result, the reputation effect will be larger 
for used products or products of unknown condition than for new products [19].

Finally, the extent of market clearing will influence the size of the reputation 
effect. If the market for a certain product experiences higher demand than sup-
ply (e.g., because of the product’s newness and popularity), buyers may be willing 
to take higher risks and pay less attention to seller reputations and other signs of 
seller trustworthiness [22, 45]. However, if supply is higher than demand, sellers 
will experience more competition among each other and sellers with a lower reputa-
tion may need to accept lower prices for their products to be chosen by buyers [26]. 
Therefore, we expect that in markets in which demand exceeds supply, the seller 
reputation effect will be smaller than in markets in which supply exceeds demand.
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Method‑related moderators

Various types of operationalizations of seller reputation have been used among 
the studies included in our meta-analyses. For example, the reputation score (the 
number of positive ratings a seller received minus the number of negative ratings), 
the number of positive ratings, the percentage of positive ratings (the percentage 
of positive ratings among all received ratings), etc., have been used as measures of 
seller reputation. In most online market platforms, the number and percentage of 
positive ratings, the reputation score and the number of negative ratings are pre-
sented on seller profile pages, but it is researchers’ decisions which of these meas-
ures are used in their analyses. Although the different operationalizations of seller 
reputation are highly correlated with each other [71], the size of the reputation effect 
may still depend on which one is used in statistical data analysis. For example, the 
reputation effect may be lower if it is estimated based on the percentage of positive 
ratings because the variance of this variable appears to be small [4, 67]. In many 
online market platforms, most sellers have very high percentages of positive ratings 
(98% and higher). This may result from the default rating set by the platform [48], 
or from sellers trying to prevent any non-positive ratings (even with inappropriate 
means) [17]. Thus, the small range of the percent-of-positive-ratings variable may 
provide too little leverage to identify a sizable reputation effect. Another reason for 
why using the percentage of positive ratings might result in a lower reputation effect 
is that it is not a valid measure of seller trustworthiness. Sellers with 50 transactions 
and sellers with 1000 transactions alike can have 99% positive ratings but the lat-
ter can be considered as more trustworthy than the former. This is because a good 
reputation must be costly to acquire and therefore 1000 mostly positive ratings are a 
stronger sign of trustworthiness than 50 mostly positive ratings [47]. Therefore, we 
assume that the size of the reputation effect will be smaller if sellers’ positive (or 
negative) ratings are measured in terms of percentages rather than absolute numbers.

Moreover, whether the variables measuring seller reputations and product prices 
are log-transformed or untransformed may also influence the size of the reputation 
effect. If the relation between seller reputation and selling performance indeed is 
non-linear (e.g., increasing at a decreasing rate; [46]), a linear model might produce 
a downward biased reputation effect. We thus expect models with log-transformed 
seller reputation and selling performance to produce larger reputation effects. To 
better understand how reputation effects depend on such method-related modera-
tors, the types of operationalizations of seller reputation and selling performance are 
included in the exploratory model selection process.

Whether the traded products are homogeneous within each included dataset is 
a second aspect of methodological concern that is likely to affect the size of the 
reputation effect. Although this might appear to be a product-related moderator 
(see above), we include product homogeneity as a method-related moderator; it 
is researchers’ decisions how homogeneous the products are they collect data on 
and analyze in their studies. Even for the same category of products (e.g., mobile 
phones), some researchers choose a specific category to collect data on (e.g., Eddhir 
[23] collected data on unlocked iPhone 3G), whereas other researchers choose a 
more general product category (e.g., Zhou [70] collected data on mobile phones) 
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and provide no further information on what the product category comprises. We 
assume that there is a larger variation in observed reputation effects if a dataset of 
heterogeneous products is used, and we account for product heterogeneity in our 
meta-analyses. However, we do not have any expectations as to the direction of its 
effect on the reputation effect.

Finally, we expect that the way in which the statistical models are constructed 
with which reputation effects are estimated will have a bearing on the size of the 
reputation effect. We identify three aspects of statistical model building: (1) whether 
it is a multi-level model, (2) the number of observations or clusters and (3) the num-
ber of parameters. As for the type of model, a sizable proportion of models account 
for the repeated observations on same sellers by fitting multi-level regression mod-
els. In particular, these models estimate cluster-robust standard errors of coefficient 
estimates to account for the dependence of observations stemming from the same 
seller. The number of observations, clusters and parameters influence the calculation 
of reputational effect sizes through the degrees of freedom (df = N – k – 1, where N 
indicates the number of observations or number of clusters and k indicates the num-
ber of parameters). Models with more cases are more likely to detect smaller reputa-
tion effects. However, this does not imply that the moderating effect of the number 
of cases will be negative. Models with cluster-robust standard errors tend to be con-
servative in terms of estimating significance, but do not affect the effect size. Thus, 
we do not state any expectations as to the net direction of the effect of a number of 
observations, clusters and parameters on the size of the reputation effect.

Control variables

Apart from the moderators that we identify above based on theoretical considera-
tions and evidence from empirical research, we include a few control variables to 
capture attributes that are commonly reported and appear to be relevant to explain 
the between-study or between-dataset differences in reputation effects. The control 
variables are the publication status of the study (published in English vs published 
in other language vs not published) and the type of transaction captured in a dataset 
(auction vs fixed price offer).

Data and methods

The meta-analytic dataset was collected until October 2021. It includes 406 esti-
mates of reputation effects (i.e. effects of seller reputation on selling performance), 
estimated with 202 different datasets, and reported in 125 empirical papers (also see 
[30]). The literature search started with two previous meta-analytic studies [34, 54] 
and was extended with literature searches to include more recent studies and stud-
ies written in other languages than English.1 This search process resulted in 205 

1 Compared to the two previous meta-analyses, the current study not only updates and extends the data 
(Liu and colleagues [34] include 42 articles and Schlägel [54] includes 58 articles), but also extends our 
insights by using different methodology. The previous studies used combined significance tests and sign 
tests as the meta-analytic approaches, which only consider the sign of reputation effects. In our study, we 
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relevant research articles written in English, Chinese or German. The PRISMA flow 
diagram presented in Figure 2 outlines the criteria we used for the inclusion of stud-
ies for our meta-analyses. Further details on search criteria, study inclusion criteria 
and the calculation of effect sizes are described in Jiao et al. [30].

Table  1 provides basic descriptive statistics of reputational effect sizes2 across 
potential moderators at the study level and dataset level. Descriptive statistics are 
provided separately for the three different types of seller reputation information: rep-
utation score, positive ratings and negative ratings. What is apparent from Table 1 is 
the large extent of variance in reputational effect sizes within categories of potential 
moderator variables. In what follows, we will describe each moderator variable in 
detail.

S
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In
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d
e
d

E
li
g
ib
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it
y

Studies after duplicates removed
(n = 205)

Studies screened
(n = 205)

Studies excluded, with reasons:
Seller reputation (SR) not reported (n = 33)

Selling performance (SP) not reported (n = 15)
Relation bet. SR & SP not calculated (n = 23)

Duplicate datasets (n = 5) 
Full text unavailable (n = 1)

Full-text articles assessed for 
eligibility
(n = 128)

Full-text articles excluded, with reasons:
Regression models with interactions only

(n = 3)

Studies included in quantitative 
synthesis (meta-analysis)

(n = 125)

Fig. 2  PRISMA flow diagram of literature search and inclusion criteria [39]. The complete list of the 205 
articles and the reasons for exclusion (if excluded) is provided in Online Resource 1, and the complete 
reference list is provided in Online Resource 2

2 The effect sizes were calculated as Pearson correlations from bivariate relationships with r = � , or par-
tial correlations from multiple regression models with r = t

√

t
2
+df

 , depending on the information reported 
in included studies. For more details, see [30].

transform the estimates of the reputation effects into comparable effect sizes. This allows us to assess the 
variation of these effect sizes and identify potential moderators of the reputation effect.

Footnote 1 (continued)
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Moderator variables

Region indicates the country or region where the dataset was collected. It reflects 
the cultural difference among datasets. As is shown in Table 1, most datasets were 
collected in the USA and China. Datasets in the category “Europe” were collected in 
France, Poland, Germany, Finland and Switzerland.

Market platform indicates on which market platform the dataset was collected, 
taken to explain the institutional differences among datasets. As is shown in Table 1, 
most datasets were collected from eBay (the largest peer-to-peer online market in 
the world) and Taobao (the largest peer-to-peer online market in China). Category 
“Other” includes the following platforms: Yahoo! (in USA and China), Eachnet 
(China), Priceminister (France), Allegro (Poland), Huuto (Finland), Bizerate (USA), 
Ricardo (Switzerland), Bonanza (USA) and Silkroad (a platform focusing on illegal 
drugs).3

Year of data collection is a continuous variable, indicating the year in which 
the collection of the dataset started. The variable ranges from 1998 to 2019. It is 
included in our analysis to capture the influence of the time period on the size of 
reputation effects.

Condition indicates whether the products comprised in a dataset were marketed 
new or used. The category “unknown” indicates that this information is not men-
tioned in the paper or the dataset includes both new and used products without dif-
ferentiating between them.

Average price is a continuous variable reporting the mean price of products in 
the collected dataset. Given datasets were collected in various currencies, the mean 
prices are converted in US Dollars with Purchase Power Parities (PPP)4 for compa-
rability across countries with different price levels. The mean prices were mostly 
reported in the data description section of included papers, but for 55 of the 202 
datasets the mean price was not reported. To reduce the number of missing values, 
we estimate the mean price in datasets with missing values based on product mean 
prices from similar datasets.5 In this way, we obtained for 17 of the 55 datasets an 
estimated product price. In our analysis, we use the log-transformed average price.

Rate of market clearing indicates how large the proportion of sold products con-
tained in a dataset was. This variable is a proxy for the popularity of the product. 
However, for 144 out of 202 datasets this information is not reported. To avoid too 
many missing values, this variable is not included in our analysis.

Log-transformed SR is a dichotomous variable that indicates whether the variable 
of seller reputation was log-transformed or not.

3 Jian et al. [29] collect data from an unspecified platform, and the dataset from Snijders and Zijdeman 
[57] comes from four different platforms.
4 https:// data. oecd. org/ conve rsion/ purch asing- power- parit ies- ppp. htm.
5 The estimation is based on similar datasets with reported product mean prices. For instance, datasets 
with similar types of products (e.g., SD card and U disk), year of data collection (within 5 years), and 
same usage condition (i.e. new, used or unknown). If no similar dataset is found, it is estimated with an 
average value of price within the same product category (e.g., mobile phones).

https://data.oecd.org/conversion/purchasing-power-parities-ppp.htm
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Percentage SR is a dichotomous variable that indicates whether seller reputation 
is measured in percentages (e.g., percent of positive ratings) or in absolute terms. 
This variable only applies to positive and negative ratings as measures of seller rep-
utation but not to reputation scores, which is the number of positive ratings minus 
the number of negative ratings.

Log-transformed SP is a dichotomous variable that indicates whether the variable 
of selling performance was log-transformed or not.

Product homogeneity is a dichotomous variable indicating whether the products 
contained in a dataset are homogeneous or heterogeneous.

Multilevel is a dichotomous variable that indicates whether data analysis includes 
and accounts for clustered observations by using multilevel techniques.

N is the number of observations in each model that is included. In our analysis, 
we use the log-transformed number of observations.

Parameters is the number of parameters that was included in each model. In our 
analysis, we use the log-transformed number of parameters.

Publication status is collected at the study level and indicates whether the paper 
reporting the results has been published. The publication types include International/
English journals, local journals and other, i.e. book chapters, conference/workshop 
presentations, dissertation/thesis, working paper, and unpublished. To simplify the 
variable, the publication status is treated as a nominal variable during data analysis. 
That is, papers are treated as “published in English journals”, “published in local 
journals” and “other (unpublished)”.

Transaction type reports whether the collected dataset contains auctions or fixed-
price transactions. It is categorized as “unknown” if this information is not reported 
in the paper or the dataset contains mixed types of transactions.

Reproduction of previous findings with a meta‑regression model

Jiao et  al. [30] ran 12 separate meta-analyses, one for each combination of seller 
reputation (reputation score, number of positive ratings, number of negative rat-
ings) and selling performance (final price, price ratio, selling probability, selling 
volume), using 378 effect sizes reported in 107 empirical studies. Their dataset has 
been updated in the meantime and now comprises 406 effect sizes reported in 125 
studies. Here we reproduce their results by fitting a saturated, random-effects meta-
regression model with the updated sample of 406 reputational effect sizes. In this 
model, the type of seller reputation and the type of selling performance are the only 
explanatory variables and are fully interacted with each other. The results are pre-
sented in Table 2 and correspond to the findings reported by Jiao et al. [30].

In general, seller reputation has a small but significant effect on selling perfor-
mance. The overall effects of reputation score and positive ratings are positive, and 
the overall effects of negative ratings are negative. Moreover, in absolute terms, the 
overall effects of positive ratings are larger than both the overall effects of reputation 
score and negative ratings. Three out of twelve overall effect sizes are statistically 
insignificant: reputation score (p = 0.19) and negative ratings (p = 0.10) on price 
ratio and negative ratings on selling volume (p = 0.36).
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The significant Q-statistic for moderators  (QM(df = 12) = 160.75, p < 0.001) sug-
gest that the inclusion of all interactions of type of seller reputation with the type of 
selling performance, which corresponds to the twelve sub-group meta-analyses con-
ducted by Jiao et al. [30], explains a substantial proportion of the variation in repu-
tational effect sizes. However, the significant Q-statistic for residual heterogeneity 
 (QE(df = 394) = 17,917.34, p < 0.001) suggests that further exploration with potential 
moderators is likely to be worthwhile because the amount of residual heterogeneity 
is very high [11, 27]. Next, we explain in more detail our data analysis strategy.

Although the total number of 406 reputational effect sizes used in the meta-
regression reported in Table  2 appears to be large, the number of cases will be 
quickly diminished in sub-group analyses or meta-regressions that include additional 
moderators. In order to test the influence of the potential moderators listed earlier, 
we will focus on two homogeneous subsets of the dataset. To create these subsets, 
we first pool cases that use final price or price ratio as outcome variables because 
they are both measures of product prices. While the final price is the absolute selling 
price, the price ratio is the relative selling price compared to a reference value such 
as a book value provided by a third party or the average price of similar products in 
the dataset. Moreover, we pool cases that use selling probability or selling volume 
as outcome variable because they both capture the number of sales; a higher selling 
probability would imply a higher selling volume within a certain time period. We 
also pool cases that use reputation score (number of positive ratings minus number 
of negative ratings) or number of positive ratings to operationalize seller reputations 
because the two variables are highly correlated and both exhibit positive effects on 
selling performance (Table 2). Next, we create two subsets of the original dataset for 
further analyses. Subset 1 comprises the 183 cases that use the final price or price 
ratio to operationalize selling performance and reputation score or number of posi-
tive ratings to operationalize seller reputation. Subset 2 comprises the 117 cases that 
use selling probability or selling volume to operationalize selling performance and 
reputation score or number of positive ratings to operationalize seller reputation. In 
our analyses, we include dummy variables to control for the type of selling perfor-
mance and seller reputation operationalizations used within each subset (e.g., DV is 
final price vs price ratio). Unfortunately, due to the small number of cases, we are 
unable to use the subset of cases that used negative ratings to operationalize seller 
reputation in our analyses.

Model selection and multi‑model inference

To investigate how potential moderators affect reputation effects, we take an infor-
mation-theoretic approach and apply model selection analysis and multi-model infer-
ence to our rich meta-analytic dataset. Model selection analysis examines several 
competing models simultaneously to identify the best set of models via information 
criteria such as the Akaike information criterion (AIC) [13] and model weights (aka 
Akaike weights) that indicate the probability that a model is a best-fitting model. In 
this way, it is possible to uncover (in statistical terms) the model that explains the 
dataset best given different combinations of moderator variables. Furthermore, we 
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perform multi-model inference to better evaluate the importance of each included 
moderator. We report the relative importance value of each moderator, which is the 
sum of Akaike weights of all models that include the moderator. Hence, a moderator 
that is included in more models with larger weights will receive a higher importance 
value. The advantage of multi-model inference is that it reduces the risk of selecting 
one of the less probable models by chance, because the relative importance of all 
moderators is listed [16]. With this approach, we can learn which moderators play 
an important role in explaining the variance in reputational effect sizes.

The combination of model selection and multi-model inference with meta-anal-
yses has been used in linguistics [38], biology [52], biogeoscience [32], psychiatry 
[28] and ecology [15]. This approach is still rarely used in the social sciences. Young 
and Holsteen [68] introduced multi-model analysis as a methodological application 
in sociology to examine the choice of controls and check the robustness of empirical 
results with regard to model specification. Here we apply the combination of these 
methods to address a sociologically relevant question: What affects the size of the 
seller reputation effect in peer-to-peer online markets? Our analyses are conducted 
in R using the “MuMIn” [7] and “metafor” [66] packages.

We start our analyses by applying model selection to Subset 1 and Subset 2. 
We examine the fit and plausibility of random effects, meta-regression models 
with all possible combinations of moderators and select three best-fitting mod-
els with Subset 1 (Table  4) and one best-fitting model with Subset 2 (Table  5) 
for interpretation. To better grasp the importance of the various moderators, we 
apply multi-model inference and report the relative importance of each moderator 
in the last column of the two regression tables. Because Egger’s test (see Table 4 
in [30]) suggests that there might be publication bias in our set of studies, we 
do a robustness check for publication bias by adding SE to the best-fitting meta-
regression models [6, 43]. We do not find any significant effects of SE (or  SE2) 
suggesting limited evidence for publication bias. Detailed results are reported in 
Online Resource 4.

Results

Table 3 presents descriptive information based on the entire sample of all modera-
tors to be considered in our analyses. Average price is the only variable with missing 
values.

The results of the model selection analysis for Subset 1 are presented in Table 4. 
The best-fitting models are ranked by Akaike information criterion corrected for 
small sample size (AICc) [2, 9]. AICc is calculated by

with the number of model parameters (k), the maximum likelihood estimate for the 
model (L) and the sample size (n). The model with the lowest AICc is considered 

(1)AICc = −2log(L) + 2k +
2k(k + 1)

n − k − 1
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the best fitting model. Table 4 presents the best fitting model (M1) as well as the two 
models (M2 and M3) that are less than 1.5 AICc units away from M1. The weight 
information listed at the bottom of each column is the Akaike weight of each model. 

Table 3  Descriptive information of moderators (n = 406)

Variable Type Mean SD

Contextual moderators
Region Nominal
 United States 0.54 0.50
 China 0.32 0.46
 Other 0.14 0.35

Platform Nominal
 eBay 0.58 0.49
 Taobao 0.28 0.44
 Other 0.14 0.29

Year of data Continuous 2006 5.03
Product-related moderators
Condition Nominal
 New 0.52 0.50
 Used 0.11 0.31
 Unknown 0.37 0.48

Avg.  pricea* Continuous 589.30 2094.36
Method-related moderators
 Log-transformed 

SR
Dichotomous 0.56 0.50

 Percentage SR Dichotomous 0.16 0.37
 Log-transformed 

SP
Dichotomous 0.33 0.47

 Product homo Dichotomous 0.89 0.31
 Multilevel Dichotomous 0.15 0.36
 N* Continuous 47,438.74 245,755.9
 Parameter* Continuous 23.33 109.87

Controls
 Published Nominal
 English journal 0.67 0.47
 Local journal 0.16 0.36
 Other 0.17 0.38

Transaction type Nominal
 Auction 0.64 0.48
 Fixed price 0.32 0.46
 Unknown 0.04 0.20

a 70 missing values on the average item price
*Variables are log-transformed in the model selection analysis
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The sum of Akaike weights of all possible models is 1 [13, 61]. The Akaike weight 
of M1 indicates that there is a 3.3% chance that M1 is the best model for explaining 
the data, and that is the highest chance among all fitted models.

Model M1 includes usage conditions, a product-related moderator. The detected 
reputation effect is significantly smaller for used products than new products 
(coef. = −0.17, p < 0.001), which is contrary to our expectation. Because of the 

Table 4  Best-fitting models and relative importance of moderators for Subset 1 focusing on effects of 
measures of positive reputation on selling price (n = 183)

M1 M2 M3 Relative impor-
tance

Coef SE Coef SE Coef SE

Const 0.39*** 0.05 0.39*** 0.05 0.39*** 0.05
Contextual moderators
Region excl Excl excl 0.13
Platform excl excl 0.39
 eBay (ref.)
 Taobao -0.04 0.04
 Other 0.05 0.04

Year of data excl excl excl 0.26
Product-related moderators
Condition
 New (ref.) (ref.) (ref.) 0.99
 Used −0.17*** 0.04 −0.17*** 0.04 −0.19*** 0.04
 Unknown −0.02 0.03 −0.02 0.03 −0.03 0.03

Avg. price excl excl excl  < 0.01
Method-related moderators
Log-transformed SR excl excl excl 0.32
Percentage SR excl excl 0.06 0.04 0.41
Log-transformed SP excl excl excl 0.25

Product homo excl excl excl 0.27
Multilevel 0.14** 0.04 0.12** 0.04 0.15*** 0.04 0.95
Log (N) −0.03*** 0.01 −0.03*** 0.01 −0.03*** 0.01 0.98
Log (parameter) excl excl excl 0.39
Controls
Published excl excl excl 0.25
Transaction type excl excl excl 0.12
DV final price −0.10** 0.03 −0.08** 0.03 −0.10*** 0.03 0.97
IV reputation score −0.05 0.03 −0.06* 0.03 excl 0.56
n 183 183 183
Log likelihood 39.72 41.35 39.09
AICc −62.6 −61.4 −61.3
Weight 0.033 0.018 0.018
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higher uncertainty regarding the condition of used products, we expected the reputa-
tion effect to be larger for used products than for new products.

M1 also includes method-related moderators of the reputation effect. If the 
model accounts for clustered data, the reputation effects are significantly larger 
(coef. = 0.14, p = 0.002). The number of observations (coef. = −0.03, p < 0.001) 
shows a significantly negative effect, which indicates that models with larger sam-
ples exhibit smaller reputation effects.

As for control variables, we find a significant distinction between the two types 
of dependent and independent variables used in models included in our meta-regres-
sions. The effect of seller reputation on final price is smaller than on price ratios 
(coef. = −0.10, p = 0.002). Besides, reputation effects appear to be smaller when the 
independent variable is reputation score instead of positive ratings (coef. = −0.05, 
p = 0.05). These results are in line with the results of the saturate meta-regression 
model reported in Table 2.

Compared to M1, the other two best-fitting models, i.e. M2 and M3, are similar 
except for the inclusion and/or exclusion of a few variables, namely the market plat-
form (included in M2), seller reputation operationalized in terms of the percentage 
of positive ratings (included in M3), and IV being reputation scores (excluded in 
M3). The regression coefficients of the variables included in all three models do not 
show any substantial differences across the three models.

To better evaluate the importance of each moderator, we examine their rela-
tive importance values with the method of multi-model inference. As is shown in 
Table 4, the most important moderators are product usage condition (0.99), the log-
transformed number of observations (0.98), DV being final price (0.97) and model 
being multi-level model (0.95). The relative importance scores of these variables 
suggest that they are included in almost all models with high weights. Less impor-
tant moderators are the IV being the reputation score (0.56), whether seller repu-
tation is a percentage (0.41), market platform (0.39), the log-transformed number 
of parameters (0.39) and whether seller reputation is log-transformed (0.32). This 
relative importance ranking is consistent with our model selection analysis in that 
the best-fitting model, M1, includes the five moderators with the highest importance 
values.

Results on Subset 2

When combining selling probability and selling volume as the dependent variable in 
Subset 2, the best-fitting is model M4 in Table 5. Model M4 includes region, seller 
reputation being a percentage rather than an absolute value and the IV being the rep-
utation score rather than the number of positive ratings. As for the region, compared 
to the USA, seller reputation effects are significantly higher in China (coef. = 0.11, 
p < 0.001). That is, for online transactions in China, the seller reputation scores and 
positive ratings have larger positive effects on selling probability and selling vol-
ume than in the USA. In Europe, the reputation effect is smaller than in the USA 
but statistically insignificant (coef. = −0.07, p = 0.15). Moreover, as expected, the 
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reputation effect is smaller if seller reputation is measured in percentage than in 
absolute terms (coef. = −0.14, p < 0.001). That is, among the studies using positive 
ratings as the independent variable, the effect of percentage positive ratings (e.g., 
seller with 98% of positive ratings among all ratings) is smaller than the effect of the 
absolute number of positive ratings (e.g., seller receiving 50 positive ratings).

With regard to the relative importance (see last column in Table  5), the most 
important moderators are region (0.96), the IV being the reputation score rather than 
the number of positive ratings (0.94), and seller reputation being a percentage of 
positive ratings rather than the absolute number of positive ratings (0.92). And these 
are also the moderators included in the best-fitting model M4.

Table 5  Best-fitting model 
and relative importance 
of moderators for Subset 
2 focusing on the effect of 
measures of positive reputation 
on sales (n = 117)

Model M4 is the best-fitting model. The second-best-fitting model is 
more than 1.5 AICc points away from M4

M4 Relative 
importance

Coef SE

Const 0.13*** 0.04
Contextual moderators
Region 0.96
 USA (ref.)
 China 0.11*** 0.03
 Europe −0.07 0.05

Platform excl 0.11
Year of data excl 0.25
Product-related moderators
 Condition excl 0.09
 Avg. price excl  < 0.01

Method-related moderators
 Log-transformed SR excl 0.31
 Percentage SR −0.14*** 0.05 0.92
 Product homo excl 0.26
 Multilevel excl 0.25
 Log (N) excl 0.25
 Log (parameter) excl 0.29

Controls
 Published excl 0.27
 Transaction type excl 0.12
 DV selling probability excl 0.25
 IV reputation score −0.11** 0.03 0.94

n 117
Log likelihood 55.59
AICc −98.4
Weight 0.059
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Discussion

This study builds on and extends a previous meta-analysis that synthesizes evidence 
from over one hundred empirical studies of the reputation effect in peer-to-peer 
online markets [30]. The aim of this paper is to explain excess variation in seller 
reputation effects. Combining model selection analyses and multi-model inference 
in a meta-analytic context, we find that the excess variation of the observed reputa-
tion effects can partly be explained by contextual moderators, product-related mod-
erators and method-related moderators.

In terms of contextual moderators, our results show that the region factor is an 
important moderator of the effect of measures of positive reputation (i.e. the number 
of positive ratings and the reputation score) on sales (i.e. Subset 2). Measures of 
positive reputation have a larger positive effect on the probability of sale and selling 
volume in studies that use data collected in China rather than the USA and Europe. 
However, there is no sufficient evidence for a moderating effect of region on the 
effect of measures of positive reputation on selling price (i.e. Subset 1). One plau-
sible explanation for this observation is that reputable sellers in China or Chinese 
online platforms (e.g., Taobao) achieve better selling performance through more 
sales instead of higher prices, suggesting different reputation mechanisms for dif-
ferent types of selling performance. Other contextual moderators are not significant.

For product-related moderators, we only find that used products exhibit a signifi-
cantly negative moderating effect on the effect of measures of positive reputation on 
selling price as compared to new products. This is contrary to the expectation that 
a good reputation is more important for transactions with used products because the 
uncertainty regarding the condition of these products is higher. One explanation for 
this finding might be that used products are often relatively unique. For example, 
for collectors’ items there are often very few sellers. This might increase competi-
tion between buyers as well as make transactions between specific buyers and sell-
ers more recurrent. Both these mechanisms would lead to reduce the importance of 
seller reputation. Another, partly related explanation could be that buyers of used 
products are more risk taking and less attentive to information about seller reputa-
tion than buyers of new products. More generally, the moderating effect of product 
condition might indicate the presence of interaction effects between product, seller 
and buyer characteristics that could be investigated in future research.

Concerning method-related moderators, we do not find consistent moderators 
across the two subsets. In Subset 1, multilevel models (i.e. models accounting for 
clustered observations) produce significantly larger reputation effects whereas stud-
ies with larger numbers of observations produce significantly smaller reputation 
effects. However, we have to be careful to interpret the relation between effect sizes 
and methodological choices as indications for better (or worse) methodological 
approaches. Rather, the use of multilevel methodology might be an indication of 
more sophisticated data collections and better controls for correlated groups. This 
conjecture could be tested through a re-analyses of studies that used multilevel tech-
niques [5, 12, 56]. The larger N effect is surprising and can certainly not be seen as 
a reason for smaller N studies, but is also not completely unknown in the literature 
[59]. Publication bias favoring studies with significant effects could be a reason for 
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this finding given that smaller N studies are less likely to detect significant effects 
if effects are smaller. However, also other reasons such as study quality might be 
behind this finding given that study quality is also related to the size of a study [59].

The smaller effect found on selling volume if the seller’s reputation is measured 
as a percentage of positive ratings rather than in absolute terms was expected. This 
is an indication that the number of positive ratings is a better indicator for the actual 
reputation of the seller than the percentage of positive ratings.

Applying model selection and multi-model inference analyses in the meta-ana-
lytic context in the current study allows us to present the best-fitting models among 
the thousands of possible  moderator combinations, and evaluate which are the 
more important moderators in general. However, there are also limitations to this 
approach. We can only investigate moderators for which enough information is pro-
vided in the studies that have been conducted. Therefore, we should also not too 
strongly interpret the absence of moderation effects of some moderators, because 
they can also be due to limited power in our dataset. Still, some moderators have a 
bearing on the size of the reputation effect. However, this study cannot dive deep 
into the specific mechanisms that underlie these moderating effects, because of the 
limited information available for each individual study. Dedicated studies that con-
sciously look at variations in certain moderators are necessary to investigate in more 
detail the different causal explanation behind the moderations [5, 12, 56].
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